Abstract-A method based on fuzzy c-means (FCM) clustering algorithm is proposed to detect stress continuously in this study. The method calculates the exact stress value of each period and achieves a continuous stress curve. Biomedical signals used in this study were collected from drivers in a driving experience, and appropriate features are selected to form multi-dimensional feature-vectors. By using FCM algorithm, these feature-vectors are clustered to several clusters. Stress value of each period is calculated based on the membership degree between featurevectors and clusters. The experience results by using signals acquired from some drivers' driving experiences show that the method may distinguish stress of different driving periods clearly, and the stress curve may give a direct-viewing of change of stress.
INTRODUCTION
Body sensor networks (BSN) has gained tremendous interest in recent years from researchers both in academia and industry. With the development of innovative wearable/ wireless/implantable bio-sensors, the applications of BSN developed more quickly. Context-aware is one of important applications of BSN. For the purpose of BSNs, the main emphasis of a context-aware design is concerned with the interpretation of physical and physiological signals acquired from both wearable and implantable sensors and their association with the ambient environment [1] . The contextual information is therefore mainly focused on the subject's activity, physiological states, and the physical environment around the subject.
Stress detection is an important application which recognizes physiological states of the subject. Some professionals such as drivers may often get into a high-stress state which could cause major accidents. Stress detection may help drivers to understand stress state in real-time and regulate their stress to a normal level to reduce the possibility of accidents by themselves or using some driving auxiliary systems. Researches on stress detection have already been done [2] [3] [4] [5] [6] [7] for years. Most of them recognize stress states by distinguishing them with different stress levels, like high-stress level, middle-stress level and low-stress level [3] . Stress states may be distinguished clearly by these methods, but some detailed process of stress changing which may be important for stress detection is avoided. Suppose a driver's stress is increasing but still in a middle-stress range, by using the detection method of [3] , the driver can only know that his stress is in a middle level and may not detect that his stress is getting higher.
In this study, a method for stress detection is proposed. The method may calculate an exact stress value of each period and achieve a continuous stress curve. Through the stress value calculated by the method, drivers may understand not only a value of stress state but also variation trend of it. It can help drivers regulate their stress in time. The proposed method is based on FCM algorithm which clusters feature-vectors of physiological signals to several clusters. Stress value of each period is calculated by using the membership degree between feature-vectors and clusters. At the end of this paper, signals acquired from some drivers' driving experiences are used to testify the validity and accuracy of the proposed method.
II. METHOD CONSTRUCTION

A. Data Source
Data source used in this study is from MIT's multiparameter database named stress recognition in automobile drivers [8] . Physiological signals in the data source were collected from drivers in a stress recognition test which includes electrocardiograph signal (ECG), electromyography signal (EMG), skin conductance signal (SC) in feet and hands, heart rate signal (HR) and respiration signal (RESP). In the test, seventeen drivers were asked for a 20 miles driving following the same designated route. In order to obtain physiological signals in a low-stress state, all drivers had a fifteen-minute rest before driving. Then, they left the garage and reached a busy street in the city after a short-time driving. The physiological signals acquired during this period may denote high-stress states. The route then led drivers away from the city and onto a highway driving which was included to create medium-stress states. After exiting the highway, drivers reached a turnaround and returned to the starting place along the same route heading in the opposite direction. When back to the starting point, all drivers had a rest again lasting for about fifteen minutes [3] [6] . Figure 1 shows an example of signals collected from a driver in the driving experience. The signals are partitioned into seven segments which denote the first rest period, the first city driving period, the first highway driving period, the turnaround driving period, the second highway driving period, the second city driving period and the second rest period respectively. All figures in this paper below are partitioned in the same way.
ECG signal is generated by cardiac systole. People's heart beat (HR) rises when they are doing exercises, concentrating energy or in a noisy environment, and HR decreases when they are relaxing or in pleasure [9] . EMG signal denotes the exercise frequency of muscle, which may rise through stress accumulating [10] [11] . SC signal changes rapidly along with emotion fluctuation [12] [13] [14] . Responses of SC signal are defined as signal from a wave hollow to a wave peak which are shown in Figure 2 In Figure 2 , i A denotes one responding amplitude and i R denotes one responding time, where 1, 2, 3 i = . RESP signal represents depth and speed of a respiration which may change rapidly when stress augments suddenly [15] .
B. Feature selection
A 256 samples sliding window with 128 samples overlap is used for features extraction. The length of sliding window is about 16 seconds and may offset impact by signal noise and responding delay. Table I shows features selected in this study which include mean value (MV), root mean square (RMS), mean absolute difference (MAD), total responding time (TRT), total responding amplitude (TRAm), energy ratio of lowfrequency band (0-0.08Hz) and high-frequency band (0.15Hz-0.5Hz) based on Fourier transform (F-RLH), and energy in high-frequency bands based on wavelet transform (W-EFB). 
Haar wavelet and four decomposition levels are chosen in the calculation of W-EFB, so there are four W-EFBs involved in the calculation. Fifteen features are selected altogether in this study. Their magnitudes are quite different and need be normalized into a same one. Given a feature set
, let mean x denote the mean value of X and 
Principal component analysis (PCA) is used after features are normalized to reduce the dimension of feature-vectors. By using PCA, the dimension of feature-vectors is reduced from 15 to 4 with a reservation of 80% difference of feature-vectors.
C. FCM algorithm
FCM algorithm is one of the most well-known methods in clustering analysis which is proposed by Dunn [16] and extended by Bezdek [17] . FCM partitions a s-dimensional vector set { } ( )
( )
, where m (usually set to be 2) in (2) and (5) is used to adjust the weighting effect of membership values. The FCM algorithm [17] is described as follows:
Step 1: Choose an integer c and a threshold value ε . Initialize the fuzzy partition matrix U by c n × random numbers in the interval 0 1 ∼ .
Step 2: Compute ( )
Step 3: Compute all ij d and ij u according to (3) and (5) respectively. Thus update the fuzzy partition matrix U by the new computed ij u .
Step 4: Compute the objective function J by using (2) . If the difference between two adjacent values of J is less than the given threshold ε , then stop. Otherwise go to step 2.
D. Stress value calculation
Stress value of each sliding window is calculated by using the membership degree 
All centers' stress values are calculated according to (6) , and they are in the interval 1 2 ∼ .
Given a feature-vector ( ) Parameter k in (9) is used to adjust the effect of the relationship above, and the bigger k is the stronger the relationship is. 1-minus in (8) is designed because most stress value is expected to be controlled within an interval 0 1 ∼ , only some very large stress value may overrun 1.
III. EXPERIMENTS
In this section, signals selected from MIT's multi-parameter database [8] are used to testify the validity and accuracy of the proposed method and the effect of stress value by different feature selection, number of clusters and parameters in (9) is tested.
A. Effect by different feature selection
The accuracy of stress value calculation is associated with the validity of feature selection. In this study, some features of physiological signals shown in Table I are selected to compose the feature-vectors. To validate these features, a second group of features is selected which includes mean responding time (MRT), mean responding amplitude (MRAm), mean responding area (MRAr), responding rate (RR), and energy in high-frequency bands based on Fourier transform (F-EFB). Table II shows features in the second group. 
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These features are selected because they are also common features of physiological signals and widely used for stress detection. Two drivers' physiological signals in the driving experiences are used to calculate the stress value by two groups of features. The calculation is according to the method described in the previous sections.
The cluster number is chosen to be 2 and the parameter k in (9) is chosen to be 0.3. Figure 3 shows two value curves by using two groups of features. Stress value is meanly small in the rest period. But as shown in Figure 3 (a) and (b) , the stress curve by using features of group 2 has a significant increasing period compared with stress curve by using group 1 in the first rest period and the second rest period respectively which does not accord with the actual situation. So, features selected in this study are more valid than other features. 
B. Effect by different number of clusters
In the experiment above, the number of clusters is chosen to be 2. In this experience, the effect by different number of clusters is investigated. Physiological signals from driver No.10 and driver No.15 are selected. The number of clusters is chosen to be 2, 3, 5 and 8 respectively. Figure 4 shows the stress value curves by using different cluster numbers. As shown in Figure 4 , the difference of stress curve by using different cluster numbers is quite small. Table III shows the time needed in clustering by different number of clusters. As shown in Table III , more time is needed for clustering with the increase of cluster number. So, cluster number is chosen to be 2 in this study, because it needs the least time for clustering and makes no difference of stress value. 
C. Effect by different parameter
The parameter k in (9) is used to adjust relationship of stress value and magnitude of a feature vector. In this experiment, the effect of the stress value by different parameters is investigated.
Physiological signals from driver No.10 and driver No.12 are used to calculate the stress value by different parameter which is set to be 0, 0.3, 0.5, 1 and 2. Parameter 0 indicates that there is no relationship between stress value and magnitude of a feature vector, and a big parameter indicates a strong relationship. Figure 5 shows the stress value curves by using different parameters. As shown in Figure 5 , the fluctuation of stress waveform is too unapparent to distinguish stress in different driving stage when k is 0. The waveform of stress curves becomes steeper and stress value become bigger along with the increase of k . Table IV shows the mean, maximum and minimum of each stress curve. As shown in Table IV , the mean and maximum stress value increase significantly along with the increase of k .
The reason is the relationship of stress value and magnitude of a feature-vector is excessively strong which is not in conformity with the actual situation when k is too big. In this study, k is set to be 0.3 which makes an appropriate relationship and may control the stress value in an interval 0 1 ∼ which is easy to understand the change of stress value. 
IV. CONCLUSION
In this study, a method is proposed for stress detection. In other literatures about stress detection, stress states are distinguished by different stress levels. These methods don't give the detailed process of stress change which may be important for stress detection. In the method, each short-time period is given an exact stress value. By observing stress value, drivers may understand not only the exact value of stress state but also its variation trend and then regulate their stress in time.
The method is based on FCM algorithm and calculates stress value by using the membership degree of feature-vectors and clusters. Other clustering algorithms may also replace FCM in this method, such as self-organizing map algorithm (SOM), clustering using representative algorithm (CURE) and ordering points to identify the clustering structure algorithm (OPTICS). The accuracy of clustering results by using different clustering algorithms is still need to be investigated to select an appropriate clustering algorithm.
Stress value is calculated according to (8) and (9) designed in this study. In the experiment, stress in rest, city driving and highway driving periods are distinguished clearly and the stress curve gives a direct-view of stress change. But, more experiences are still needed in a real situation to validate the calculation's applicability further.
